Abstract: Forest fires in Galicia have become a serious environmental problem over the years. This is especially the case in the Pontevedra region, where in October 2017 large fires (>500 hectares) burned more than 15,000 Ha. In addition to the area burned being of relevance, it is also very important to know quickly and accurately the different severity degrees that soil has suffered in order to carry out an optimal restoration campaign. In this sense, the use of remote sensing with the Sentinel-2 and Landsat-8 satellites becomes a very useful resource due to the variations that appear in soil after a forest fire (changes in soil cover are noticeably appreciated with spectral information). To calculate these variations, the spectral indices NBR (Normalized Burn Ratio) and NDVI (Normalized Difference Vegetation Index) are used, both before and after the fire and their differences (dNBR and dNDVI, respectively). In addition, as a reference for a correct discrimination between severity degrees, severity data measured in situ after the fire are used to classified at 5 levels of severity and 6 levels of severity. Therefore, this study aims to establish a methodology, which relates remote-sensing data (spectral indices) and severity degrees measured in situ. The R 2 statistic and the pixel classification accuracy results show the existing synergy of the Sentinel-2 dNBR index with the 5 severity degrees classification (R 2 = 0.74 and 81% of global accuracy) and, for this case, the good applicability of remote sensing in the forest fire field.
Introduction
Forest fires are one of the most important problems in countries of southern Europe such as Spain [1] . In this geographic area, summers are increasingly hot and dry, causing a significant increase in area affected by fires [2] . These kinds of fires are the cause of environmental and economic losses [3] [4] [5] . In addition, these phenomena are actively involved in greenhouse effect (CO 2 emission) and climate change [6] .
Methods to map burned area, prior to remote sensing, were characterized as expensive and slow. Presently, it has been proven that satellite data is the only way to monitor burned surfaces at regional or global scales (free downloadable data and fast and reliable results) [7, 8] . Furthermore, these data allow quick, reliable and economic estimates to plan restoration work. Most burned area estimation methods from remote sensing have been carried out using post-fire images, alone or in comparison with pre-fire images. This is because satellite measurements can capture vegetation damage once the event has passed [9] [10] [11] [12] . Among the methods of estimating burned surfaces from post-fire images, Burned areas perimeters have been provided by the European Forest Fire Information System (EFFIS). The EFFIS perimeters algorithm was initially implemented in 2003 to map burned areas during the fire season by analyzing Moderate Resolution Imaging Spectroradiometer (MODIS) daily images at 250 m spatial resolution. For the monitoring of burned areas during the summer, daily images from the MODIS instruments on board TERRA and AQUA satellites are acquired and processed few hours after the acquisition. EFFIS provides the daily update of the perimeters of burnt areas in Europe for fires of about 30 ha or larger, twice every day. Small burnt or un-burnt areas below the spatial resolution of the MODIS imagery are not mapped; these may include small unburned islands inside the burnt area. Clouds of MODIS data are removing using a cloud mask based on the MOD35 product at 1 km resolution [39] .
Sentinel-2 Data
The MSI sensor aboard the Sentinel-2 satellite is characterized by having 13 spectral bands in different spatial resolutions (10, 20 and 60 m) [40] . All of the images used have been downloaded from the ESA portal [41] and are Level 2A (bottom of atmosphere (BOA) reflectance images derived from the associated Level-1C products [42] .
Cloud correction, in Sentinel-2 case, is performed using the scene classification image (SCL), which spatial resolution is 20 m [43, 44] . Pixel values classified as clouds or pixels with errors are masked to avoid possible errors in calculation of spectral indices.
Landsat-8 Data
The OLI sensor aboard the Landsat-8 satellite is characterized by having eight spectral bands in different spatial resolutions (in this case, 30 m). All the images used have been downloaded from the Earth Explorer portal [45] and are Level 1. Atmospheric correction based on dark object subtraction (DOS) is used to convert data from Level 1 to Level 2 (correcting the effect of electromagnetic energy scattering on water particles suspended in the atmosphere) [29, 46, 47] .
Cloud correction, in the Landsat-8 case, is performed using a quality assessment band (BQA) which indicates which pixels could be affected by, basically, cloud contamination) [46] . Burned areas perimeters have been provided by the European Forest Fire Information System (EFFIS). The EFFIS perimeters algorithm was initially implemented in 2003 to map burned areas during the fire season by analyzing Moderate Resolution Imaging Spectroradiometer (MODIS) daily images at 250 m spatial resolution. For the monitoring of burned areas during the summer, daily images from the MODIS instruments on board TERRA and AQUA satellites are acquired and processed few hours after the acquisition. EFFIS provides the daily update of the perimeters of burnt areas in Europe for fires of about 30 ha or larger, twice every day. Small burnt or un-burnt areas below the spatial resolution of the MODIS imagery are not mapped; these may include small unburned islands inside the burnt area. Clouds of MODIS data are removing using a cloud mask based on the MOD35 product at 1 km resolution [39] .
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Remote Sensing Indices
Within remote sensing applied to forest fires, it is observed that the ideal spectral indices algorithms for different soil severity degrees discrimination should contain, mainly, the red, NIR and SWIR bands (higher reflectance difference between burned and no burned area) [48] . For this reason, the spectral indices used are NBR (Equation (1)) and NDVI (Equation (2)) [14] [15] [16] .
In addition to the NBR and NDVI indices, subtracting a post-fire from a pre-fire image derived index produces a measure of absolute change (more reliable) which then can be used to estimate burned areas, burn severity, total carbon release, biomass loss or smoke production, among others [31, [49] [50] [51] . For this reason, dNBR and dNDVI indices are the final algorithms used (Equations (3) and (4)).
The dNBR image can be classified according to the classification proposed by the United States Geological Survey (USGS) [46] . The USGS dNBR classification thresholds work for both satellites. This classification groups the pixels into different levels of burn severity (Table 1) . 
Pixel Values
Severity Level
Moderate-High 0.66 ≤ dNBR < 1. 33 High
The dNDVI index can also be classified. In this case, pixel values greater than 0 mean that there has been a negative change in vegetation cover (post-fire NDVI values are lower due to the vegetation amount decrease caused, mainly, by fire influence in the area). Since not all vegetation cover decreases is necessarily related to the appearance of forest fires (they could be due to agricultural processes, pests or periods of drought, among others), any pixel value higher than 0.1 shall be considered a fire.
As in the case of clouds and pixels with errors eliminated, in the study area there are water regions that can cause confusion in spectral indices' algorithms. To eliminate water bodies the normalized difference water index (NDWI) is proposed (Equation (5)) [52] .
A mask is created where values greater than zero are classified as water. This water mask is combined with cloud masks and applied to dNBR and dNDVI images as can be seen in Figure 2 . 
Severity Data
Fire severity data collection started with a random sampling within burned areas, assigning sampling plots to areas where vegetation burned with homogenous severity. For that purpose, the dNBR index was calculated from satellite images (if possible Sentinel-2) to delimit homogenous areas (minimum size 3 × 3 pixels must be considered) of high severity on vegetation, i.e., areas where the vegetation was fully consumed. Once those areas of interest where identified, the center coordinates of each sampling plot were assigned. In fieldwork, soil burn severity was assessed in 20 m radius plots by using center coordinates. Within the plot, two transects of 40 m perpendicular to each other were established (using random direction) and soil severity was measured with 1 m interval along those transects. The degree of burn severity was evaluated by the mean value assigned to each quadrant of the same burn severity. There are two different types of classification. On the one hand, the five burn severity degrees [53] are as follows: 1 (very low severity) is highly decomposed organic material of unidentifiable origin (Oa) partially or totally intact; mineral soil undisturbed, 2 (low severity) is Oa layer totally charred and covering mineral soil; possibly some ash; mineral soil undisturbed, 3 is (medium severity) forest floor completely consumed (bare soil) but soil organic matter not consumed and surface soil intact, 4 is (high severity) forest floor that has been completely 
Fire severity data collection started with a random sampling within burned areas, assigning sampling plots to areas where vegetation burned with homogenous severity. For that purpose, the dNBR index was calculated from satellite images (if possible Sentinel-2) to delimit homogenous areas (minimum size 3 × 3 pixels must be considered) of high severity on vegetation, i.e., areas where the vegetation was fully consumed. Once those areas of interest where identified, the center coordinates of each sampling plot were assigned. In fieldwork, soil burn severity was assessed in 20 m radius plots by using center coordinates. Within the plot, two transects of 40 m perpendicular to each other were established (using random direction) and soil severity was measured with 1 m interval along those transects. The degree of burn severity was evaluated by the mean value assigned to each quadrant of the same burn severity. There are two different types of classification. On the one hand, the five burn severity degrees [53] are as follows: 1 (very low severity) is highly decomposed organic material of unidentifiable origin (Oa) partially or totally intact; mineral soil undisturbed, 2 (low severity) is Oa layer totally charred and covering mineral soil; possibly some ash; mineral soil undisturbed, 3 is (medium severity) forest floor completely consumed (bare soil) but soil organic matter not consumed and surface soil intact, 4 is (high severity) forest floor that has been completely consumed and there is no charred residue; bare soil and soil structure affected and 5 (Very High severity) is as 4 with color altered (reddish). On the other hand, six burn severity degrees classification [27] is a modification of five burn severity degrees classification but, in this case, the four degree classification is divided in two sublevels (4 and 5) where four degree has the affected soil thickness less than 1 cm and 5 degree has the affected soil thickness equal to or more than 1 cm. The six degree classification is the same that five degree in five burn severity degrees classification. Table 2 summarizes both classifications and the number of points measured in situ. In this study area, there are three different burn severity degrees (low, medium and high severity) for the two classifications (Table 2 ). Figure 3 shows points distribution.
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Statistical Analysis
In order to establish relationships between remote sensing and field data, regression models were used. In this case, field data were chosen as predicted values (high correlation with reality) and satellite information (dNBR and dNDVI) as dependent variables. After carrying out different tests, the conclusion was reached that (since there is no linear relationship between variables) the statistical method that offers the best results in determination coefficient and root square mean error (high R 2 
In order to establish relationships between remote sensing and field data, regression models were used. In this case, field data were chosen as predicted values (high correlation with reality) and satellite information (dNBR and dNDVI) as dependent variables. After carrying out different tests, the conclusion was reached that (since there is no linear relationship between variables) the statistical method that offers the best results in determination coefficient and root square mean error (high R 2 and low RMSE) should be chosen (Table 3) . Taking into account the above criteria, the regression model that offers the best results is the power regression (Equation (6)). The y variable is the dependent variable (remote sensing data), x is the predicted value (field severity) and, a and b variables are the coefficients (with 95% confidence bounds). In addition to regression models, to select the spectral index that best relates to field severity, an accuracy pixel classification table (Table 5) is calculated using the thresholds of each index (mean and standard deviation as a function of the field severity degrees shown in Table 2 ) to evaluate the accuracy pixel classification using Matlab software.
Results
The Pontevedra fires have an average soil burn severity value of 2.9 (average between the fiveand six-field severity classification). In other words, the average severity (obtained from 61 field plots) corresponds to medium category ( Table 2) .
The regression models of spectral indices (dNBR and dNDVI) with field severity (FS) are presented in the values shown in Table 3 and Figure 4 .
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The regression models of spectral indices (dNBR and dNDVI) with field severity (FS) are presented in the values shown in Table 3 and Figure 4 . In order to obtain the thresholds for each spectral index that best discriminates the different field severity degrees, the FS value in Table 3 is replaced for all field points, and the mean and standard deviation are obtained (Table 4) . Table 4 . Thresholds for each satellite and index in Pontevedra fire.
Thresholds
Satellites
Indices Low Medium High
As a result of the minimal difference in the equations (Table 3) between indices as a function of field severity degrees (5 or 6), thresholds are the same in both cases. Figure 5 shows the images classification for each index using the Table 4 thresholds. In order to obtain the thresholds for each spectral index that best discriminates the different field severity degrees, the FS value in Table 3 is replaced for all field points, and the mean and standard deviation are obtained (Table 4) . 
As a result of the minimal difference in the equations (Table 3) between indices as a function of field severity degrees (5 or 6), thresholds are the same in both cases. Figure 5 shows the images classification for each index using the Table 4 thresholds. In addition to images below, Table 5 shows the percentage of field sites correctly classified of each spectral index and severity degrees classification used, and Figure 6 shows the number of hectares burned. Table 5 . Success accuracy (%) for each field severity class in Pontevedra fire. In addition to images below, Table 5 shows the percentage of field sites correctly classified of each spectral index and severity degrees classification used, and Figure 6 shows the number of hectares burned. Figure 6 shows that the dNDVI image obtained with Sentinel-2 data detects more burnt area than the dNDVI image obtained with Landsat-8 data despite the presence of clouds. This is due to the presence of noise pixels (classified as low severity) that increase the burned surface. 
Discussion
First, this study incorporates as an innovation the field data protocol proposed by Vega et al., 2013 [52] , focused on the evaluation of soil burn severity in areas where vegetation was completely consumed by fire. Therefore, the analysis differs from previous studies using the Composite Burn Index (CBI) or a modified version (GeoCBI), which combine vegetation and soil severities measures [28] [29] [30] [31] [32] [33] [54] [55] [56] [57] .
The use of a statistical analysis based on a potential regression is due to the low linear relationship between remote-sensing data and field measurements as found in previous published research [28, 33] . This fact is due to different factors such as saturation in the SWIR bands and the NIR bands values decreasing (especially in high-severity areas) [57] .
The R 2 coefficient obtained are lower (range 0.56 to 0.72 for dNBR and range 0.47 to 0.56 for dNDVI) than obtained by Mallinis et al., 2018 (range 0.83 to 0.86 for dNBR and range 0.78 to 0.8 for dNDVI) [57] . In other previous studies [28, 34] , despite the use of other remote-sensing data (for example, Landsat 7 or Landsat TM), the R 2 similarity obtained is greater (0.69 for dNBR and 0.46 for dNDVI, respectively).
On the other hand, the dNBR thresholds obtained are influenced by the data collection protocol (all the field points measured are located in areas whose severity dNBR was classified as high 
On the other hand, the dNBR thresholds obtained are influenced by the data collection protocol (all the field points measured are located in areas whose severity dNBR was classified as high severity, i.e., dNBR ≥ 0.66). Despite this, the dNBR and dNDVI thresholds obtained are very similar to those obtained by Navarro et al., 2017 (low severity ≤ 0.5, 0.5 < medium severity ≤ 0.9, high severity > 0.9 in dNBR case, and low severity ≤ 0.4, 0.4 < medium severity ≤ 0.5, high severity > 0.5 in dNDVI case), the only considerable difference is the dNBR low class value [58] .
Finally, because there are no studies that analyse classification accuracy using the dNDVI index in forest fires, the classification success percentage results (Table 5) can only be compared for the dNBR index. The results obtained are very similar to those obtained by Mallinis et al., 2018 study (73.5% in Sentinel-2 and 71% in Landsat-8) [57] . The classification accuracy is higher in all classes except for low and high classes in Landsat-8 satellite case (77% and 88%, respectively). In addition, in this study, the dNBR index detects more burned area for the low class (12,100 Ha) and less burned area for the medium class (5100 Ha) than the dNDVI index (11,050 and 7970 Ha, respectively).
Conclusions
The use of synergy between field-measured severity data and remote-sensing data has become a fundamental tool for the burned areas' restoration. It is concluded that remote-sensing information that best discriminates between different severity degrees is the Sentinel-2 data. The reason for this is that the Sentinel-2 spatial resolution (20 m) is similar to the field measurement area (20 m of radius).
In addition, the strong relationship between dNBR index and forest fires improves the dNDVI index results. This is a consequence of the essential information provided by the SWIR spectral range where reflectance increase after a forest fire occurrence (vegetation becomes soil and reduces considerably the H 2 0 absorption phenomenon). Despite this, dNDVI index obtained by Sentinel-2 data provides good results in severity map classification, especially for medium and high classes (86% and 80%, respectively). This makes it, together with the dNBR index, a reliable algorithm for works related to erosion derived after a forest fire (higher erosion when increase the fire severity).
As far as field measurements are concerned, the 5 degrees of fire severity classification provides, in general, slightly better results in R 2 than the 6 degrees of fire severity classification. Although, a priori, it would be logical for remote-sensing data not to be able to differentiate between two severity degrees which are different only by the depth of damage, it would be necessary to carry out more tests using many plots and in areas with different climates to clarify this fact.
Finally, this study provides a new line of research where field data are more focused on fire severity suffered by soil (the CBI index, used in most works, is focused on vegetation). This represents a new approach for future works where, in addition to the management of a post-fire zone, relationships between fire severity and the soil texture alteration together with existing soil chemical components will be the objective. This will require, as in the case of field measurements, a larger and more heterogeneous field database and the integration of new spectral indices by remote-sensing data.
